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Abstract: This paper addresses the normalization of clinical concepts in Spanish
psychiatric emergency notes, a particularly challenging task due to the use of infor-
mal, ambiguous, and context-dependent language, where lexical similarity alone is
insufficient to ensure reliable mapping to standardized terminologies. We propose
a hybrid architecture that combines semantic retrieval over a UMLS-based knowl-
edge graph with a context-aware reasoning layer guided by clinical entity categories,
implemented using LLMs. The method operates on entities extracted through a
transformer-based NER model and adapts normalization to six clinical categories.
Experiments were conducted on a clinically validated ground truth of 768 entities
from 100 psychiatric emergency notes collected at CAULE. Results show substantial
improvements over retrieval-only baselines, reaching 70.0% Hit@3 and 73.6% Hit@10
with MiniLM, and 60.9% Hit@3 and 63.3% Hit@10 with Multilingual BERT. Er-
ror analysis indicates strong performance in semantically complex categories, while
pharmacological entities remain challenging. These findings highlight the effective-
ness of combining structured knowledge with contextual reasoning for clinical con-
cept normalization.
Keywords: Concept Normalization, Clinical Text, Psychiatry, LLM.

Resumen: Este art́ıculo aborda la normalización de conceptos cĺınicos en notas
psiquiátricas de urgencias en español, una tarea particularmente compleja debido al
uso de lenguaje informal, ambiguo y dependiente del contexto, donde la similitud
léxica por śı sola resulta insuficiente para garantizar un mapeo fiable a terminoloǵıas
estandarizadas. Proponemos una arquitectura h́ıbrida que combina recuperación
semántica sobre un grafo de conocimiento basado en UMLS con una capa de ra-
zonamiento consciente del contexto, guiada por categoŕıas de entidades cĺınicas,
implementada mediante LLMs. El método opera sobre entidades extráıdas medi-
ante un modelo NER basado en transformadores y adapta la normalización a seis
categoŕıas cĺınicas. Los experimentos se realizaron sobre un ground truth validado
cĺınicamente compuesto por 768 entidades de 100 notas psiquiátricas de urgencias
recogidas en el CAULE. Los resultados muestran mejoras sustanciales respecto a
los métodos basados únicamente en recuperación, alcanzando un Hit@3 del 70,0%
y un Hit@10 del 73,6% con MiniLM, y un Hit@3 del 60,9% y un Hit@10 del 63,3%
con Multilingual BERT. El análisis de errores indica un buen desempeño en cate-
goŕıas semánticamente complejas, aunque las entidades farmacológicas siguen siendo
las más dif́ıciles de normalizar. Estos resultados destacan la eficacia de combinar
conocimiento estructurado con razonamiento contextual para la normalización de
conceptos cĺınicos.
Palabras clave: Normalización de Conceptos, Textos Cĺınicos, Psiquiatŕıa, LLM.



1 Introduction

Mental health has become a central con-
cern in modern healthcare systems due to its
growing prevalence and long-term impact on
individuals and society (World Health Orga-
nization, 2025). Psychiatric conditions such
as depression, anxiety, and substance-related
disorders affect a significant portion of the
population and often require sustained clin-
ical attention. In recent years, an increase
in both incidence and severity has been ob-
served, particularly among younger popula-
tions. In Spain, this trend is reflected in the
notable rise of psychiatric hospitalizations
among teenagers over the last two decades
(Soriano et al., 2025). These developments
not only highlight the scale of the problem,
but also expose limitations in how mental
health information is currently managed and
utilized.

Mental disorders rarely occur in isola-
tion. Their interaction with physical condi-
tions has been widely documented, revealing
complex comorbidity patterns that influence
diagnosis, treatment, and prognosis (Hanna
et al., 2024; Martin Schulze, 2025). Con-
sequently, accessing structured and seman-
tically consistent clinical information is es-
sential for enabling integrated and effective
healthcare. However, a large portion of psy-
chiatric knowledge remains embedded in nar-
rative clinical records, limiting its direct us-
ability in computational systems.

Electronic Health Records (EHRs) con-
tain a wealth of psychiatric information,
particularly within free-text clinical notes.
These narratives are often written under time
constraints and reflect the subjective inter-
pretation of clinicians, resulting in heteroge-
neous, informal, and sometimes ambiguous
language (Wang et al., 2023). While rich in
detail, this variability hinders their integra-
tion into data-driven pipelines, reducing their
potential for secondary analysis, clinical de-
cision support, and interoperability.

Natural Language Processing (NLP) tech-
niques have made significant progress in ex-
tracting structured information from such
texts. In particular, Named Entity Recog-
nition (NER) enables the identification of
clinically relevant mentions such as symp-
toms, diagnoses, and treatments. Neverthe-
less, in the psychiatric domain, extraction
alone does not guarantee meaningful struc-
turing. Many expressions found in clinical

narratives do not directly correspond to stan-
dardized medical terminology, as they may be
indirect, context-dependent, or linguistically
imprecise.

This issue is especially evident in psychi-
atry, where clinicians frequently describe pa-
tient states using non-literal or interpretative
language. Expressions referring to behavioral
patterns, perceptual disturbances, or emo-
tional states often require clinical inference
to be properly understood. As a result, map-
ping these mentions to standardized concepts
cannot rely only on lexical similarity, but de-
mands a deeper level of semantic interpreta-
tion. Concept normalization addresses this
challenge by linking textual mentions to con-
trolled vocabularies such as the Unified Med-
ical Language System (UMLS), where each
concept is represented by a unique identifier.
This process is essential for transforming nar-
rative descriptions into structured interop-
erable data that can be leveraged in down-
stream applications. However, in Spanish
psychiatric contexts, normalization remains
particularly difficult due to limited lexical
coverage, variability in expression, and the
presence of informal or domain-specific lan-
guage.

In our previous work presented at CIA-
Biomed, we explored the use of candidate re-
trieval strategies for concept normalization,
combining embedding-based similarity and
lexical matching approaches. Although these
methods provided a baseline for linking enti-
ties to UMLS concepts, the results revealed
important limitations when dealing with am-
biguous and context-sensitive expressions.

This work advances clinical concept nor-
malization by introducing a semantic inter-
pretation module based on Large Language
Models (LLM), designed to perform context-
aware reasoning over extracted entities. Un-
like retrieval-only approaches, this module
enables the system to refine entity repre-
sentations, resolve ambiguities, and select
the most appropriate concepts based on con-
textual and clinical semantics rather than
surface similarity alone. Furthermore, the
pipeline follows an entity-aware design, where
the normalization process is guided by clin-
ically meaningful entity categories, allow-
ing the model to adapt its reasoning strat-
egy to the specific nature of each mention.
Embedding-based retrieval is used as a sup-
porting mechanism to provide candidate con-



cepts, which are subsequently disambiguated
through the proposed interpretation module.

The proposed approach is evaluated
on a dataset of Spanish psychiatric clin-
ical notes, demonstrating substantial im-
provements over retrieval-based strategies.
By combining structured medical knowl-
edge with contextual reasoning, this work
moves toward more robust and semantically
grounded representations of psychiatric infor-
mation.

2 Related Work

Early approaches to clinical concept normal-
ization relied on rule-based systems and dic-
tionary matching techniques, which achieved
acceptable precision in controlled domains
but showed limited generalization when fac-
ing lexical variability or multilingual scenar-
ios. These limitations motivated the transi-
tion toward more robust methods based on
semantic representations.

In recent years, research has increasingly
focused on embedding-based approaches,
changing from surface-level matching to con-
textual semantic understanding. Models
such as BioBERT and multilingual vari-
ants of BERT enable the representation of
both clinical mentions and ontology concepts
within shared vector spaces, facilitating can-
didate retrieval beyond exact lexical similar-
ity (Zeakis et al., 2023; Hier, Do, y Obafemi-
Ajayi, 2025). Additionally, incorporating
ontological structure into the normalization
process has been shown to improve disam-
biguation performance, particularly in cases
involving ambiguous or polysemous terms
(Wulff y Mata, 2025). More recent studies
have extended this line of work by explicitly
integrating relational and hierarchical knowl-
edge into representation learning, showing
that concept-aware embedding spaces can
improve candidate ranking and semantic con-
sistency during normalization (Singh, Krish-
namoorthy, y Ortega, 2024; Callahan et al.,
2023).

Parallel developments, such as multilin-
gual approaches, have extended normaliza-
tion techniques to languages beyond English,
including Spanish, French, Serbian, and Chi-
nese. However, the scarcity of annotated
clinical corpora remains a major challenge in
these settings (Zahra y Kate, 2024). To over-
come this data scarcity, new resources like
the RuCCoN dataset have been introduced,

providing manually annotated clinical texts
linked to UMLS concepts and contributing
to the expansion of multilingual normaliza-
tion capabilities (Nesterov et al., 2025). Re-
cent shared-task and corpus-based studies
have also shown that multilingual normaliza-
tion can be approached through cross-lingual
representation spaces, terminology transla-
tion, and candidate reranking strategies, al-
though performance remains sensitive to do-
main specificity and knowledge base cover-
age (Gallego y Veredas, 2024; Vassileva et al.,
2024).

Recent work has also explored few-shot
and zero-shot learning strategies, particularly
in domains with limited labeled data. Mod-
els such as BioLORD incorporate ontology-
aware training mechanisms to enhance gen-
eralization and enable concept normalization
in low-resource scenarios (Remy, Scaboro, y
Portelli, 2023). Furthermore, LLMs have
begun to play a relevant role in this con-
text, showing the ability to support nor-
malization through generative or reasoning-
based approaches, especially when guided by
structured prompts or external knowledge
sources (Park et al., 2026; Zhang et al.,
2026). At the same time, the integration of
ontologies into semantic inference processes
has gained attention, suggesting a conver-
gence between concept normalization and au-
tomated clinical reasoning (Conceição et al.,
2023; Abdel-salam, Adewunmi, y Akinwale,
2024). These approaches emphasize that nor-
malization should not be treated as an iso-
lated task, but rather as part of a broader
framework for semantic understanding.

Despite these advances, most existing
work has focused on general biomedical
domains and predominantly on English-
language data. In contrast, psychiatric clin-
ical narratives present unique challenges due
to their inherent subjectivity, linguistic vari-
ability, and frequent use of indirect or in-
terpretative expressions. While some studies
have demonstrated the ability of embedding-
based representations to capture complex
patterns in psychiatric data, such as identify-
ing subgroups within schizophrenia (Broder-
sen et al., 2014) or modeling mental disor-
ders as dynamic symptom networks (Gauld,
2022), these efforts do not directly address
the problem of concept normalization.

In addition, recent work has shown that
deep learning models are capable of cap-



turing clinically meaningful patterns in psy-
chiatric narratives, enabling the discrimi-
nation between diagnoses with overlapping
symptomatology. For instance, it has been
demonstrated that models can successfully
classify clinical notes associated with disor-
ders such as adjustment disorder and anxi-
ety, even when these conditions share sim-
ilar symptom profiles (Rubio-Mart́ın et al.,
2025b). These findings highlight the poten-
tial of deep learning to extract and repre-
sent latent clinical knowledge from psychi-
atric text, supporting downstream tasks like
classification and prediction. However, this
capability does not directly translate into ef-
fective concept normalization. While mod-
els can learn discriminative representations,
mapping these representations to standard-
ized terminologies such as UMLS remains
challenging, particularly when dealing with
implicit, colloquial, or context-dependent ex-
pressions. Recent studies focusing on clinical
narratives in Spanish have further confirmed
that lexical variability, multilingual transfer,
and terminology coverage substantially affect
normalization performance, even when using
transformer-based architectures and hybrid
retrieval strategies. Moreover, evaluations on
Spanish clinical corpora show that normaliza-
tion performance still depends heavily on the
quality of candidate generation, the underly-
ing terminology resource, and the ability to
resolve ambiguity beyond surface similarity
(Báez et al., 2025).

As a result, the normalization of psy-
chiatric entities, particularly in Spanish, re-
mains an open problem. The presence of
colloquial language, implicit clinical mean-
ing, and high semantic ambiguity compli-
cates the alignment with standardized termi-
nologies like UMLS for example. Although
embedding-based and hybrid retrieval ap-
proaches have improved candidate genera-
tion, they often fail to capture the contex-
tual interpretation required for accurate dis-
ambiguation.

In this context, our work builds upon pre-
vious advances by proposing a hybrid frame-
work that combines semantic retrieval with
context-aware reasoning guided by LLMs.
This approach aims to bridge the gap be-
tween narrative psychiatric language and
structured clinical knowledge, improving the
reliability of concept normalization in this
challenging domain.

3 Materials and Methods

3.1 Dataset and Ground Truth

This study is based on a corpus of Spanish-
language psychiatric clinical notes collected
from the Psychiatry Service of the Complejo
Asistencial Universitario de León (CAULE).
The dataset comprises records generated in
emergency care settings, corresponding to
unscheduled consultations rather than rou-
tine follow-up visits. As such, the notes cap-
ture the acute, dynamic, and often incom-
plete nature of real-world psychiatric assess-
ment, where clinical information is recorded
under time constraints and evolving condi-
tions. All documents were fully anonymized
in accordance with the General Data Protec-
tion Regulation (GDPR), and their use for
research purposes was approved by the re-
gional research ethics committee (approval
ID: 2303). The complete dataset consists of
5,332 free-text clinical reports collected be-
tween 2017 and 2022, authored by multiple
clinicians operating in high-pressure emer-
gency environments. Consequently, the notes
exhibit substantial heterogeneity in linguis-
tic style and structure, including informal
expressions, domain-specific abbreviations,
shorthand notations, and occasional ortho-
graphic inconsistencies. Additionally, the
same clinical concept is frequently expressed
using different linguistic forms, introducing a
high degree of semantic variability.

From this corpus, a subset of 100 clini-
cal notes was selected for this study. The
selection was not random but guided by vari-
ability criteria, aiming to preserve diversity
in narrative style, clinical content, and en-
tity distribution while maintaining a man-
ageable size for expert validation. A to-
tal of 768 clinical entities were considered in
this work. These entities belong to six pre-
defined categories commonly found in psy-
chiatric clinical documentation: Motive of
Consultation (MC), Personal Clinical His-
tory (APC), Personal Pharmacological His-
tory (APF), Diagnosis (DX), Pharmacologi-
cal Treatment (TTF) and Treatment of Ac-
tion (TTA). On average, each note contains
between 7 and 8 relevant entities, providing
a balanced representation across categories.

All entities were previously extracted and
subsequently reviewed by a domain expert
in psychiatry. The same expert manually
linked each entity to its corresponding con-



cept in the Unified Medical Language System
(UMLS), resulting in a clinically validated
ground truth. This gold standard serves as
the reference for evaluating the normalization
strategies proposed in this work.

3.2 Entity Extraction (NER
Stage)

The entities used in this study were obtained
through a NER process developed in a pre-
vious stage of this research (Rubio-Mart́ın et
al., 2025a). Specifically, we employed a fine-
tuned transformer-based model for Spanish
clinical text, which demonstrated the best
performance among the evaluated configura-
tions. This model was trained to identify
and classify entities according to the six cat-
egories defined above.

Rather than focusing on the extraction
task itself, this work assumes the NER stage
as a completed step and uses its output as in-
put for the normalization pipeline. This de-
sign reflects a realistic scenario in which en-
tity extraction and normalization are treated
as sequential but distinct components within
a clinical NLP system. Table 1 summarizes
the distribution of entities across the different
categories considered in this study.

Label Count Avg. per note
MC 119 1.19
APC 133 1.33
APF 171 1.71
DX 111 1.11
TTF 149 1.49
TTA 85 0.85

Table 1: Distribution of extracted entities by
category.

3.3 From Retrieval-Based
Normalization to Hybrid
Reasoning

In our previous work, we addressed the
problem of clinical concept normalization
through a set of candidate retrieval strate-
gies based on both semantic and lexical simi-
larity. Specifically, we evaluated embedding-
based approaches using MiniLM and Multi-
lingual BERT, as well as rule-based methods
such as recursive lexical matching and direct
queries to the UMLS API (Rubio-Mart́ın et
al., 2026). These methods aimed to retrieve
a ranked list of candidate concepts for each
extracted entity.

Although these approaches provided an
initial solution to the normalization task,
the results revealed important limitations.
Embedding-based methods showed low per-
formance, achieving Hit@3 values of 0.16 and
0.18 for MiniLM and Multilingual BERT, re-
spectively. Lexical matching strategies, while
computationally efficient, were highly depen-
dent on surface form similarity and failed to
generalize to more complex expressions. The
best-performing approach, based on UMLS
API queries, reached a Hit@3 of 0.56, demon-
strating the importance of leveraging exter-
nal knowledge sources. However, even in this
case, performance remained insufficient for
reliable normalization in psychiatric narra-
tives.

These limitations can be attributed to the
intrinsic characteristics of psychiatric clinical
language. Unlike more structured biomedical
domains, psychiatric notes frequently contain
indirect, context-dependent, or colloquial ex-
pressions that do not have a direct lexical cor-
respondence with standardized terminology.
As a result, approaches based only on simi-
larity, either lexical or semantic, are unable
to capture the intended clinical meaning in
many cases. This observation highlights the
need for a more flexible normalization strat-
egy capable of incorporating contextual inter-
pretation into the decision making process.
In particular, it suggests that the normaliza-
tion task should not be treated exclusively as
a retrieval problem, but rather as a combi-
nation of candidate generation and semantic
reasoning.

Building upon these observations, we pro-
pose a hybrid normalization architecture
that integrates embedding-based candidate
retrieval with a reasoning layer guided by
LLMs. This reasoning layer is implemented
using a modular orchestration framework
that integrates LLMs and external knowl-
edge sources within a structured processing
pipeline. The core contribution lies in the
integration of semantic retrieval, structured
medical knowledge, and context-aware rea-
soning. In this context, LangChain is not
used as a standalone solution, but as an in-
termediate component that facilitates the se-
lection and validation of candidate concepts.

Unlike traditional approaches based on
candidate reranking, the proposed method
follows a structured three-stage process that
integrates semantic reinterpretation, candi-



Figure 1: Full methodological pipeline followed.

date retrieval, and context-aware validation.
First, each extracted entity is analyzed and
processed according to its category, includ-
ing reformulation when necessary to more ac-
curately represent its underlying clinical se-
mantics. Second, a set of candidate concepts
is retrieved via embedding-based similarity
search over the knowledge graph. Finally, a
reasoning layer assesses the candidates within
their contextual setting and selects the most
appropriate UMLS concept, prioritizing se-
mantic coherence over surface-level similar-
ity.

To support the candidate retrieval stage,
we constructed a structured semantic envi-
ronment based on a partial extraction of the
UMLS Metathesaurus, restricted to concepts
relevant to psychiatry and psychology, in-
cluding diseases, symptoms, substances, and
pharmacological treatments. This resulted in
a knowledge graph comprising 12,429 nodes,
each of them representing a clinical con-
cept identified by its corresponding identi-
fier (CUI). The graph was implemented in
Neo4j, enabling flexible and efficient access
to semantic relationships. Each node was en-
riched with relevant attributes, including se-
mantic type, associated synonyms, and mul-
tilingual labels in both English and Spanish,
facilitating alignment between clinical notes
and the predominantly English-based struc-
ture of UMLS.

In addition, each concept was associated
with vector representations generated using
MiniLM and Multilingual BERT. This al-
lowed the system to perform both lexical and
semantic retrieval, extending candidate gen-

eration beyond exact string matching. By
combining structured ontological information
with embedding-based representations, the
knowledge graph provides a robust founda-
tion for the normalization process.

A central contribution of the proposed ap-
proach is its entity-aware design, where the
normalization strategy is explicitly adapted
to each clinical category, enabling more accu-
rate interpretation of context-dependent and
semantically ambiguous expressions. Each
category of entity (e.g., MC, APC, APF, DX,
TTF, TTA) presents distinct linguistic and
semantic characteristics, which require dif-
ferent interpretation mechanisms. For this
reason, the reasoning process is adapted to
each category through tailored prompts that
guide the model toward more accurate and
context-sensitive normalization.

This hybrid approach enables a tighter in-
tegration between structured medical knowl-
edge and contextual language understand-
ing, addressing the limitations observed in
retrieval-based methods and improving the
robustness of concept normalization in psy-
chiatric clinical narratives. The full pipeline
is shown in Figure 1.

3.4 Hardware and Software Setup

The computational infrastructure consisted
of an Intel Core i7-13700 processor, 32 GB
of RAM, and an NVIDIA RTX 4060 Ti
GPU. The experimental pipeline was devel-
oped in Python 3.10 within a local execu-
tion environment. The implementation in-
tegrates several libraries commonly used in
clinical Natural Language Processing work-



flows. Transformer-based models were man-
aged using the HuggingFace Transformers
framework, while data preprocessing and
handling were performed using Pandas and
the HuggingFace Datasets library. The se-
mantic retrieval component relied on embed-
dings generated through the SentenceTrans-
formers library, enabling the representation
of both entities and candidate concepts in a
shared vector space. Similarity between vec-
tors was computed using cosine similarity.

For knowledge representation and query-
ing, a Neo4j graph database was deployed
locally to store the UMLS-derived concept
graph. Manual annotation and validation of
the clinical entities were carried out using the
academic version of Label Studio, which pro-
vides support for span-based annotation in
textual data (Tkachenko et al., 2020-2025).

4 Experiments and Results

4.1 Reasoning-Enhanced Clinical
Concept Normalization

The results obtained in the previous stage re-
vealed clear limitations of normalization ap-
proaches based exclusively on lexical match-
ing or embedding similarity. While these
methods were effective in retrieving candi-
date concepts, they struggled to correctly in-
terpret ambiguous, colloquial, and context-
dependent expressions, which are particu-
larly common in psychiatric clinical narra-
tives.

To address this limitation, we propose a
hybrid normalization architecture that inte-
grates embedding-based candidate retrieval
with a reasoning layer guided by LLMs. Our
contribution lies in a category-aware normal-
ization strategy that combines semantic can-
didate retrieval from a psychiatry-oriented
UMLS graph with contextual reasoning for
final concept selection. The reasoning layer is
implemented through a structured reasoning
pipeline that enables the orchestration of lan-
guage models and external knowledge sources
within the normalization process (Yang et al.,
2025). In our implementation, LangChain is
used as an intermediate component that fa-
cilitates the selection and validation of can-
didate concepts, rather than as the core con-
tribution of the method.

The proposed approach integrates seman-
tic retrieval with contextual reasoning. Given
an extracted entity, the system first performs
a semantic reinterpretation step, refining the

expression when necessary to better reflect its
underlying clinical meaning. Subsequently,
candidate concepts are retrieved from the
knowledge graph, and finally, the reasoning
layer evaluates these candidates in context to
select the most appropriate UMLS concept.

The reasoning component was imple-
mented using the GPT-4o model deployed
via the Azure OpenAI service, enabling con-
trolled and reproducible inference within
the pipeline. This setup allows the sys-
tem to incorporate contextual understand-
ing while maintaining integration with struc-
tured knowledge sources such as UMLS.

The proposed reasoning framework en-
hances the normalization process by in-
troducing context-aware methodological im-
provements. First, it enables seamless in-
tegration between language models and ex-
ternal knowledge bases. Second, it provides
traceability of the decision making process,
including intermediate reasoning steps and
candidate evaluation. Third, it allows dy-
namic adaptation of prompts depending on
the type of entity being processed.

Overall, this approach transforms the nor-
malization task from a purely retrieval-based
problem into a hybrid process that combines
candidate generation with context-aware se-
mantic reasoning, which is particularly ben-
eficial in the psychiatric domain.

4.2 Entity-Aware Normalization
Strategies

The proposed framework was implemented
using a three-role prompting strategy com-
bined with few-shot learning to improve per-
formance. This stage begins with the sys-
tem role, which provides the model with
task-specific context and instructions. Sub-
sequently, the user role introduces a set of
representative examples, while the assistant
role supplies the corresponding expected out-
puts. Finally, the user role presents the tar-
get instances to be solved by the model. The
previously described framework is adapted to
the six entity categories defined during the
extraction stage, namely MC, APC, APF,
DX, TTF, and TTA. Each category exhibits
distinct linguistic and semantic properties,
thereby requiring tailored reasoning strate-
gies to ensure accurate normalization.

For Motive of Consultation (MC), entities
are often expressed using informal or indirect
language. To facilitate interpretation, three



semantic subgroups were defined: (i) direct
clinical expressions (e.g., “anxiety”, “persis-
tent sadness”), (ii) abnormal behaviors de-
scribed narratively (e.g., “metió el pie en una
poza”), and (iii) perceptual alterations asso-
ciated with hallucinations (e.g., “ve cosas”,
“escucha voces”).

In the case of Personal Clinical His-
tory (APC), normalization focused on dis-
tinguishing between different clinical con-
texts, including (i)diseases, (ii)medical proce-
dures, (iii)self-harm ideation, (iv)non-lethal
self-harm behaviors, and (v)suicide attempts.
This categorization allows a more precise
mapping of historical clinical information to
standardized concepts.

For Personal Pharmacological His-
tory (APF), entities were classified
into (i)pharmacological treatments and
(ii)substance use. This distinction is partic-
ularly relevant due to the variability in how
medications and substances are referenced
in clinical text.

Diagnosis (DX) entities were primarily
mapped to psychiatric disorders, with special
consideration for cases involving self-harm-
related conditions. These entities tend to
be more aligned with standardized terminol-
ogy, facilitating normalization. When appli-
cable, the system also assigns ICD-10 codes
for disease-related entities.

Pharmacological Treatment (TTF) re-
quired distinguishing between (i)active pre-
scriptions and (i)discontinued medications.
The normalization process also accounts for
dosage and administration details when ex-
plicitly mentioned in the entity.

Finally, Treatment Action (TTA) repre-
sents structured clinical decisions, such as
(i)discharge, (ii)admission, or (iii)follow-up.
Due to their limited variability, these entities
present lower ambiguity and are more consis-
tently mapped to standardized concepts.

Across all categories, the reasoning layer
performs entity refinement, semantic inter-
pretation, and candidate validation. Addi-
tionally, pharmacological entities are normal-
ized to their generic names when commercial
names are detected.

This entity-aware design enables the sys-
tem to adapt to the specific characteristics of
each category, improving the consistency and
accuracy of the normalization process while
maintaining traceability of the decisions.

4.3 Results

To evaluate the proposed normalization
strategy, a dataset of 768 clinical entities was
used. Unlike the baseline approaches, the
proposed method first reinterprets and re-
fines each entity according to its clinical cat-
egory, then retrieves candidate concepts from
the UMLS-based knowledge graph, and fi-
nally validates the most appropriate mapping
based on semantic coherence.

The evaluation focuses on embedding-
based retrieval methods, comparing their
performance when integrated into the pro-
posed normalization strategy. Results are
reported using Hit@k metrics with k ∈
{3, 5, 7, 10}, which measure whether the cor-
rect concept appears within the top-k re-
trieved candidates. Table 2 summarizes
the performance obtained with MiniLM and
Multilingual BERT when candidate retrieval
is combined with entity reinterpretation and
semantic validation. In both cases, the re-
sults show a substantial improvement over
retrieval-only approaches, confirming that
candidate generation alone is insufficient
when clinical mentions require contextual in-
terpretation. For visualization purposes, Fig-
ure 2 presents the corresponding performance
trends across different values of k.

Both models exhibit a consistent increase
in performance as the number of considered
candidates grows. MiniLM achieves the best
overall results, reaching a Hit@3 of 70% and
exceeding 73% at Hit@10. In contrast, Mul-
tilingual BERT shows lower results but still
competitive performance, ranging between
61% and 63%. These results suggest that
the reasoning layer benefits both models, al-
though its impact is more pronounced when
combined with MiniLM embeddings.

To provide a more detailed analysis, Ta-
ble 3 reports the number of errors per entity
category. The results reveal that APF and
TTF remain the most challenging categories,
particularly for Multilingual BERT. This can
be attributed to the high variability of phar-
macological expressions, including differences
in dosage, formulation, and the use of com-
mercial names.

In contrast, TTA exhibits the lowest error
rates, reflecting the more structured and lim-
ited nature of these entities (e.g., discharge,
admission, follow-up), which facilitates con-
sistent mapping to standardized concepts.

Overall, the results show that normaliza-



Model Hit@3 Hit@5 Hit@7 Hit@10
MiniLM 534 (70.0%) 546 (71.1%) 550 (71.6%) 565 (73.6%)
Multilingual BERT 468 (60.9%) 470 (61.2%) 475 (61.8%) 486 (63.3%)

Table 2: Normalization performance with the proposed reasoning-enhanced approach.

Figure 2: Model performance across different Hit@k values.

Category MiniLM MultiL. BERT
MC 45 46
APC 29 34
APF 52 83
DX 37 46
TTF 59 79
TTA 12 12

Table 3: Number of normalization errors by
entity category.

tion performance improves when the system
combines three complementary steps: rein-
terpretation of the clinical entity, retrieval
of semantically relevant candidates, and fi-
nal validation based on contextual coher-
ence. This combination is particularly use-
ful in psychiatric clinical language, where
ambiguity, indirect expression, and seman-
tic variability often limit the effectiveness of
retrieval-only approaches.

5 Discussion and conclusions

The comparative analysis between retrieval-
based approaches and the proposed
reasoning-enhanced architecture high-

lights the impact of incorporating contextual
interpretation into the normalization pro-
cess. In the baseline scenario, methods
based only on lexical matching or embedding
similarity achieved limited performance.
In particular, MiniLM and Multilingual
BERT obtained Hit@3 scores of 16% and
18%, respectively, reflecting the difficulty of
mapping Spanish psychiatric expressions to
standardized UMLS concepts when relying
exclusively on surface-level similarity. Even
the strongest baseline, based on UMLS
API queries, reached a Hit@3 of 56% and a
Hit@5 of 58%, indicating that terminological
coverage alone is insufficient to handle
semantically complex clinical language.

After integrating the reasoning layer, the
results improved substantially. MiniLM
achieved a Hit@3 of 70% and a Hit@5 of
71%, representing an improvement of more
than 50 percentage points compared to the
baseline. Similarly, Multilingual BERT in-
creased its performance from 18% to 61% in
Hit@3 and up to 63% in Hit@5. These re-
sults demonstrate that incorporating contex-
tual reasoning enables the system to better



interpret clinical meaning and select more ap-
propriate candidate concepts, particularly in
cases where lexical similarity is insufficient.

From a qualitative perspective, the pro-
posed approach proved especially effective
in resolving semantically ambiguous or indi-
rect expressions. Categories such as MC and
TTF benefited from the system’s ability to
reinterpret non-literal language (e.g., expres-
sions referring to hallucinations or treatment
changes), while structured categories such as
TTA exhibited consistently low error rates
due to their more constrained nature. This
behavior confirms that the primary limita-
tion of retrieval-based methods lies not in
candidate generation, but in the lack of con-
textual interpretation.

Despite these improvements, several lim-
itations must be acknowledged. First, the
evaluation was conducted on a controlled
subset of 100 clinical notes, which, although
representative, may limit the generalizability
of the results. Second, the use of LLMs intro-
duces additional computational costs and de-
pendency on external services, which may af-
fect scalability in real-world clinical environ-
ments. Furthermore, some cases of seman-
tic overgeneralization were observed, where
the model selected broader concepts than ex-
pected (e.g., mapping “brote psicótico” to
more generic psychotic disorders), reflecting
the inherent flexibility of generative models.

In summary, this work shows that inte-
grating a reasoning layer within the normal-
ization pipeline helps to improve both the
accuracy and semantic coherence of concept
mapping in psychiatric clinical narratives.
The proposed approach effectively bridges
the gap between informal clinical language
and structured medical knowledge, enabling
more reliable normalization in complex lin-
guistic contexts.

Future work will focus on extending this
framework in several directions. First, scal-
ing the evaluation to larger and more diverse
datasets will be essential to validate the ro-
bustness of the approach. Second, incorpo-
rating more advanced prompting strategies
or fine-tuned language models could further
improve performance in challenging cases.
Finally, deeper integration with the knowl-
edge graph, including iterative enrichment
and feedback loops, may enhance both nor-
malization accuracy and downstream clinical
applications.
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15. Association for Computational Lin-
guistics, Julio.

Gallego, F. y F. J. Veredas. 2024. Recog-
nition and normalization of multilin-
gual symptom entities using in-domain-
adapted bert models and classification lay-
ers. Database, 2024:baae087, 08.

Gauld, C. 2022. From psychiatric kinds to
harmful symptoms. Synthese, 200(6):440,
Octubre.

Hanna, M. R., A. Caspi, R. M. Houts, T. E.
Moffitt, y F. A. Torvik. 2024. Co-
occurrence between mental disorders and
physical diseases: a study of nationwide
primary-care medical records. Psycholog-
ical Medicine, 54(15):4274–4286.

Hier, D. B., T. S. Do, y T. Obafemi-Ajayi.
2025. A simplified retriever to improve
accuracy of phenotype normalizations by
large language models. Frontiers in Digi-
tal Health, Volume 7 - 2025.

Martin Schulze, Tim Reimers, J. H. T. B. S.
B. A. G. S. S. 2025. Management of so-
matic comorbidities in psychiatric emer-
gencies: insights from a real-world co-
hort study. Psychiatry Research, página
116630.

Nesterov, A., A. Sakhovskiy, I. Sviridov,
A. Valiev, V. Makharev, P. Anokhin,
G. Zubkova, y E. Tutubalina. 2025. Ruc-
cod: Towards automated icd coding in
russian. ArXiv, abs/2502.21263.

Park, Y., H. Kang, J. Kim, S.-Y. Shin,
D. Cho, S. Y. Rhee, H. S. Park, K.-J. Lee,
y S. Bae. 2026. Development and eval-
uation of snomed ct automated mapping
tool: Advancing terminology standardiza-
tion and semantic interoperability. JMIR
Medical Informatics, 14:e82670, Mar.

Remy, F., S. Scaboro, y B. Portelli. 2023.
Boosting adverse drug event normaliza-
tion on social media: General-purpose
model initialization and biomedical se-
mantic text similarity benefit zero-shot
linking in informal contexts. ArXiv,
abs/2308.00157.

Rubio-Mart́ın, S., A. Crespo-Álvaro,
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2025a. Fine-tuning transformer models
for structuring spanish psychiatric clinical
notes. En 2025 IEEE 38th International
Symposium on Computer-Based Medical
Systems (CBMS), páginas 97–102.
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Andrades. 2025b. Classification of psy-
chiatry clinical notes by diagnosis: a deep
learning and machine learning approach.
PeerJ Computer Science, 11:e3045.

Singh, A., S. Krishnamoorthy, y J. E. Or-
tega. 2024. Neighbert: Medical entity
linking using relation-induced dense re-
trieval. Journal of Healthcare Informatics
Research, 8(2):353–369.

Soriano, V., J. M. Ramos, M. I. López-
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